Wholistic perspectives on differential change focus on multiple-indicator information at a person level. They supplement the modeling of average trajectories at a variable level. The authors extended cross-sectional work in the Berlin Aging Study (J. Smith & P. B. Baltes, 1997) to 6-year longitudinal cluster analyses (n ϭ 132). At baseline, 3 subgroups were identified with distinct within-person psychological profiles across cognitive, personality, and social integration constructs. Over time, highly similar subgroup profiles were found, and about two thirds of the participants could be classified as remaining in the same subgroups. Baseline subgroups differed in level and slope of change and in 2 outcomes, well-being and mortality. Independent of subgroup membership, subgroup-to-subgroup change was associated with greater decline and predicted poststudy mortality. These findings demonstrate the usefulness of a wholistic approach for long-term prediction of outcomes and within-person systemic variability.
One central question in life span research is the extent to which individuals differ from one another in levels of functioning and change over time (Baltes, Lindenberger, & Staudinger, 2006; Baltes, Reese, & Nesselroade, 1977; Hertzog & Nesselroade, 2003; Schaie, 2005; Wohlwill, 1973) . Most research examines questions about heterogeneity and differential development in old age in the context of a single domain of functioning (e.g., perceptual speed, memory, personality). In the present study, we instead adopt a systemic-wholistic perspective Magnusson, 1998) and investigate differential change over time at a person or subgroup level of analysis. Statistically, subgroups of individuals with similar intraperson profiles across multiple domains of functioning were identified at baseline and tracked over time. In terms of differential aging, we were interested in (a) the nature of the profiles of psychological functioning identified in the longitudinal sample, (b) the stability of the subgroups over time and enduring changes in their profiles, and (c) the correlates and prediction of long-term outcomes of subgroup membership.
The investigation of heterogeneity and differential development in old and very old age has taken different routes. Most studies focus on determining individual differences in the development of a specific category of behavior over time. Such a variable-oriented approach is very important to better understand differences in (normative) change trajectories between and within particular psychological domains and the mechanisms underlying these differences. One classic example of research findings from a variableoriented approach is the distinctive age gradients found for the fluid mechanics and crystallized pragmatics of intelligence that reflect the differential operation of biogenetic and cultural factors (Baltes et al., 2006; Cattell, 1971; Horn, 1982; Park, Nisbett, & Hedden, 1999; Schaie, 2005) .
In the present study, we have opted for a complementary approach that is more person or subgroup oriented in that the key conceptual and analytical unit is not a single category of behavior but a within-person profile of functioning across domains. In particular, we are interested in subgroup differences in overall level, shape, and trajectories of aging, and we consider our approach systemic-wholistic. We use the term systemic-wholistic rather than structural or multivariate to highlight an integrated perspective across fundamental aspects of psychological functioning within a person (in contrast to across variables). This approach (for more information, see Magnusson, 1998) advocates the consideration of multiple-indicator information at a person or subgroup level because such information combines notions about the coordinated interconnectedness of a system and the entirety and integration that constitute a total entity. Such a person-oriented (systemic-wholistic) approach complements variable-specific research on heterogeneity in a number of ways. First, it can help to structure and describe aspects of heterogeneity associated with higher order and nonlinear interactions that cannot easily be uncovered by standard applications of function-oriented research (Bergman, Magnusson, & El-Khouri, 2003) . Second, it can be used to identify heterogeneity in change trajectories that are distinct across subpopulations (Hertzog & Nesselroade, 2003) . Third, profile differences in old age can be interpreted as representing the outcomes of differential development into old age as well as sources of continued differentiation throughout old age (Aldwin, Spiro, Levenson, & Cupertino, 2001; Liang et al., 2003; Smith, 2003a) .
Researchers have used several strategies to implement a systemic-wholistic approach. One strategy can be referred to as a top-down classification of individuals into predetermined categories on the basis of theory or clinically relevant criteria (Andrews, Clark, & Luszcz, 2002; Berkman et al., 1993; Garfein & Herzog, 1995) . Examples of predefined cutoff points for group membership include socioeconomic criteria (e.g., high vs. low standing in social class or education), measures of psychopathology (e.g., depressed vs. nondepressed), physical functioning (e.g., disabled vs. nondisabled), and the criteria developed in the MacArthur Studies of Successful Aging (for an overview, see Rowe & Kahn, 1997) . Another strategy is to proceed bottom up and empirically identify subgroups of individuals (e.g., Aldwin et al., 2001; Bosworth & Schaie, 1997; Jorm et al., 1998; Lövdén, Bergman, Lindenberger, & Nilsson, 2005; Maxson, Berg, & McClearn, 1996; . Typically, researchers working with this strategy have used cluster analysis, which provides information about differences in the level, variability, and shape of profiles in a given sample to empirically classify individuals into homogeneous subgroups. According to this method, members in a subgroup share communalities in the subgroup-defining constructs but differ from members of other groups (Bergman et al., 2003) . To demonstrate the validity and utility of the groups identified, researchers undertake follow-up analyses to determine that the groups are unique in that they also differ on measures not included in the cluster analyses (Aldenderfer & Blashfield, 1984; Hair & Black, 2000) .
Independent of the strategy used to identify subgroups, most applications of a person-oriented approach have primarily used cross-sectional data and focused either on only one area of functioning (e.g., cognition; Lövdén et al., 2005) or on cross-links between two domains, such as personality patterns and social lifestyles (e.g., Neugarten, Havighurst, & Tobin, 1968; Thomae, 1976) , health and social integration (e.g., Bosworth & Schaie, 1997) , or physical and cognitive functioning (e.g., Andrews et al., 2002; Berkman et al., 1993) . Some researchers have included a broader measurement scheme across multiple domains. Their analyses have offered initial insights into differential aging and the increased likelihood of broadly based dysfunctionality in advanced old age (e.g., Garfein & Hertzog, 1995; Jorm et al., 1998; Maxson et al., 1996; Smith & M. M. Baltes, 1998) .
In the present study, we adopt a cluster-oriented approach and attempt to interpret the profile subgroups and their patterns of differential development over time with regard to life span psychological scripts about developmental contextualism and coconstructivism (Baltes et al., 2006; Baltes & Smith, 2004) as well as successful aging (e.g., Baltes & Baltes, 1990; Rowe & Kahn, 1997; Williams & Wirths, 1965) . In particular, we extend an earlier cross-sectional application of cluster analysis in the Berlin Aging Study (BASE; into a longitudinal context while keeping the first-occasion data as point of reference. Smith and Baltes examined profiles of psychological functioning in the relatively large and age-heterogeneous initial cross-sectional BASE sample (N ϭ 516). They empirically identified nine subgroups by using cluster analysis of performance in multiple psychological domains: cognition, personality and self-related functioning, and social integration (12 constructs in total). These three domains were selected to broadly represent central characteristics of the psychological system in old age. Smith and Baltes acknowledged that this selection was restricted and that the inclusion of further psychological measures might have been feasible (e.g., activities, motivation, emotions). Nevertheless, the specific constructs assessed are well established in the research literature on old age.
In an attempt to characterize and evaluate the groups, Smith and Baltes (1997) heuristically established criteria to rank order the subgroups in terms of overall functional desirability. Such a heuristic categorization reflects a rough consensus in the psychological research literature about what, on average, is functional (desirable) or less functional (less desirable) for overall adjustment in old age. For example, less desirable characteristics included cognitive impairment, feelings of loneliness, and high levels of neuroticism and external control beliefs.
1 Four of the nine subgroups (n ϭ 240) represented desirable psychological profiles. For example, members of the top-ranked desirable subgroup were cognitively very fit, enjoyed a sociable and outgoing lifestyle, and were involved in a number of personal life projects. The other five subgroups (n ϭ 270) had less desirable psychological profiles. For example, the lowest ranked subgroup showed a generally negative profile, with severe cognitive impairment, high neuroticism and loneliness, and low extraversion and internal control. In sum, the two broad profile categories of desirability versus less desirability could be interpreted as reflecting different outcomes and mechanisms of successful and less successful aging.
The subgroups identified in the cross-sectional BASE sample were also found to differ on a set of cross-disciplinary factors not involved in defining the groups. These factors were selected to broadly signify past and current developmental contexts . Meaningful subgroup differences were found for age, gender, health, and life-history status. For example, the relative risk of a less desirable profile was 2.5 times higher for the oldest old (85-103 years) than for people between the ages of 70 and 84 years and was 1.25 times higher for women compared with men.
In the present extension of a cluster-analytic study to examine differential aging, we used 6-year longitudinal data from BASE and examined three sets of questions. First, we asked whether 1 The categorization is open to debate, however, and Baltes and Smith (1997) also discussed the difficulties associated with evaluating subgroup profiles along a dimension of functional status or (social) desirability (e.g., circular argument in the absence of absolute norms, lack of context specificity). subgroups of individuals with distinct profiles of functioning across three psychological domains (cognition, self and personality, and social integration) could be identified empirically at baseline assessment of the 6-year survivor BASE sample and whether these subgroups also differed on cross-disciplinary indicators not entered into the cluster analysis. Links to sensory functioning, health, and life-history status add to the interpretation and validation of the profile subgroups. These correlates also approximate cumulative and current life contexts that, with other factors, have shaped the psychological development of the BASE participants. Because of age-related selective mortality and longitudinal attrition (Bosworth, Schaie, & Willis, 1999; Lindenberger, Singer, & Baltes, 2002; Rabbitt, Diggle, Holland, & McInnes, 2004) , we anticipated some shrinkage in the range of person-cluster differentiation, but the expectation was also that heterogeneity would continue to exist among the longitudinal survivors. To better understand this and to describe attrition effects both at the subgroup level and at the variable level for the three profile-defining domains, we examined changes in sample composition from the parent sample (N ϭ 516) to the smaller sample of 6-year survivors who continued in the longitudinal BASE study (n ϭ 132). These follow-up selectivity analyses provide the context for interpreting the results of cluster analysis.
Second, in the context of longitudinal data, we asked to what extent participants classified together at the first occasion remained grouped together at later occasions and whether these subgroups showed differential patterns of enduring changes in their profiles over time. This step involved the computation of separate cluster analyses on data from each measurement occasion, cross-comparison of solutions, and analyses of subgroup change in profiles of psychological functioning. We expected relative continuity of subgroup classification over time but predicted that the subgroups would be differentially vulnerable to showing functional decline over the observation period of 6 years. We also asked, at an individual level, whether those participants who changed classification status showed longitudinal discontinuity in functioning.
Third, we addressed an important predictive question. We asked whether initial subgroup differences in psychological profiles were linked to subsequent subjective and objective outcomes of successful aging. In particular, we examined well-being 6 years later (i.e., at the end of the study) and subsequent risks of dying over an additional 4-year period.
Method
The present article reports 6-year longitudinal data (n ϭ 132) from the multidisciplinary BASE Intensive Protocol collected in 1990 ), 1995-1996 (T3), and 1997-1998 (T4) .
2 T3 took place 3.77 years (SD ϭ 0.68) after T1 baseline assessment, and T4 occurred 5.51 years (SD ϭ 0.80) after T1. Mortality information was available for an additional period of 4 years beyond T4 (i.e., 1998 -2002) . Because detailed descriptions of the variables assessed and procedures used as well as of the longitudinal samples and design are published in Baltes and Mayer (1999) , T. Singer, Verhaeghen, Ghisletta, Lindenberger, and Baltes (2003) , and Smith, Maas, et al. (2002) , the brief overview we give is specific to the longitudinal subsample investigated.
Participants and Procedure
In 1998, when the 6-year longitudinal follow-up was completed, 239 participants of the core cross-sectional BASE sample (n ϭ 516; for sample description, see Baltes & Mayer, 1999) were still alive. Of these, 55% (n ϭ 132) had participated and contributed complete data for T1, T3, and T4. This longitudinal sample corresponds to 25% of the core cross-sectional BASE sample. Participants of the 6-year longitudinal sample were 55% women. At T1 they were, on average, 78.27 years old (SD ϭ 5.92; birth cohorts 1893 to 1922), and at T4 the average age was 83.78 years (SD ϭ 5.94). The 6-year sample, although they were, on average, younger than the cross-sectional sample, remained relatively heterogeneous in terms of age, socioeconomic status, education, and health. Most of the 109 BASE participants diagnosed with suspected dementia at T1 had died before T4 data collection.
All testing was carried out in individual, face-to-face sessions by trained research assistants and medical personnel. With the exception of sessions that involved geriatric medicine, testing was carried out at the participant's place of residence (i.e., private household or institution). Intensive Protocol sessions required an average of 90 min and, when necessary, were split into shorter units of assessment.
Measures Entered Into the Cluster Analyses
To define the overall psychological profile, we selected 11 constructs indexing cognition, personality and self-related functioning, and social integration from the BASE data protocol. Data for one profile-defining construct used in the Smith and Baltes (1997) study, perceived receipt of instrumental and emotional support, were not available longitudinally and thus were not considered in the present analyses. All other constructs were assessed at the three measurement occasions in exactly the same way as outlined by Smith and Baltes (1997) . The measurement properties and reliabilities of all constructs have been published elsewhere in the sources we cite for each domain. Test-retest correlations over two adjacent occasions of measurement ranged from .38 for close others (T1-T3, as to be expected because of the deaths of spouse and friends) to .75 for knowledge (T1-T3), with a mean of .64.
Cognition. Stimulus presentation and data collection for cognitive functioning were supported by a Macintosh SE/30 computer equipped with a touch-sensitive screen (for details, see Lindenberger & Baltes, 1997) . Three factor (ability) scores of psychometric intelligence were computed to represent the two-component model of intelligence (e.g., Cattell, 1971) : Performance on perceptual speed and memory characterized fluid abilities of intelligence, and performance on knowledge characterized crystallized abilities of intelligence. Each ability was represented by a unit-weighted composite measure of two tests. Perceptual speed was measured by the Digit-Letter Test and Identical Pictures. Memory was measured by Memory for Text and a Paired-Associates Task. Knowledge was measured by Spot-a-Word and a vocabulary test. In the cross-sectional analysis at T1, as reported by Lindenberger and Baltes (1997; see also Lindenberger, Mayr, & Kliegl, 1993) , each ability was measured by three tests. Because of time restrictions at both follow-ups, only two tests per ability were administered (see also .
Personality and self-related functioning. To assess personality dispositions, we selected items from the NEO Five-Factor Inventory (Costa & McCrae, 1985 ; for details, see . Neuroticism was derived from responses to six items assessing the facets of anxiety, depressivity, vulnerability, and hostility. Extraversion was derived from responses to six items assessing the facets of gregariousness, positive emotionality, assertiveness, and activity. Self-related functioning was measured with two factor scores representing general control beliefs (internal and other control) and one factor score of goal investment (for details, see Kunzmann, Little, & Smith, 2002; Staudinger, Freund, Linden, & Maas, 1999) . Internal control refers to the extent to which individuals believe that the good things in life are due to their own actions and was measured with three items. Other control represents beliefs that the actions of other people determine what happens to oneself and was measured with four items. Goal investment indexes personal engagement (investment) in projects and goals. Participants were asked to rate the time and effort they currently invested into 10 areas of life, including health, well-being of close relatives, mental performance, relationships with friends and acquaintances, thinking about life, hobbies and interests, independence, death and dying, occupational or comparable activities, and sexuality. Measures of personality and self-related functioning were obtained in tape-recorded interviews with a verbal response format. Participants were asked to indicate how well items described them using a 5-point Likert-scale ranging from 1 (does not apply to me at all) to 5 (applies very well to me). Each item was read aloud by the research assistants.
Social integration. Two measures of loneliness and the reported number of close confidants were used to index social integration (for details, see Wagner, Schütze, & Lang, 1999) . Items selected from the UCLA Loneliness Scale (Russell, Cutrona, Rose, & Yurko, 1984) were used to assess social loneliness (perceptions of belonging to a social group and the general availability of trusted others) and emotional loneliness (feelings of isolation, being alone, and being secluded from contact with others). Kahn and Antonucci's (1980) Circle Task was used to measure the reported number of close confidants. Participants were shown a diagram of concentric circles and were told that they stood in the center. They were then asked to name the people they considered to be extremely close and important in their life (first inner circle). The outer two circles (second circle: somewhat less close people; third circle: still important but more distant people) were not considered in this analysis.
Measures of Correlates
Correlates that were not involved in the clustering procedure were T1 assessments of sensory functioning, health, and life-history status. Sensory functioning was measured with a unit-weighted composite of auditory acuity (hearing) and visual acuity (vision; for details, see Lindenberger & Baltes, 1997) . Hearing was measured separately for each ear with a Bosch ST-20-1 pure-tone audiometer with headphones. To estimate hearing ability, we computed an inverted average score of thresholds in decibels across both ears and four frequencies (1.00, 2.00, 4.00, and 6.00 kHz). Vision represents a composite based on the unit-weighted mean of close visual acuity and distance visual acuity. Close visual acuity was measured separately for both eyes with a reading table presented at reading distance; distance visual acuity was assessed binocularly with a reading table presented at a standard distance of 2.5 m from the participant. Visual acuity was measured both with and without the best optical correction provided by the participant (i.e., corrective glasses); the best value of the two was used in the present analyses. The measure for health was a reverse coding of the number of physician-observed diagnoses of moderate to severe chronic illnesses (according to the International Classification of Diseases-9; for details, see Steinhagen-Thiessen & Borchelt, 1999) . The diagnoses were determined in clinical examinations and supported by additional blood and saliva laboratory assessments. Life-history status was measured with a unit-weighted composite of three measures: (a) equivalent income, defined as the net household income weighted by the number of people sharing the household; (b) occupational prestige, based on a standard rating scale for Germany; and (c) number of years of education (for details, see Mayer, Maas, & Wagner, 1999) . Several follow-up analyses also used age cohort (0 ϭ younger than age 80 at T1, n ϭ 84; 1 ϭ 80 years or older, n ϭ 46), gender (0 ϭ men, 1 ϭ women), and dementia as covariates. Clinical diagnosis of dementia was determined by standard clinical interview and assessment procedure (for details, see . Prevalence rates of dementia were low in the 6-year sample (n ϭ 3), so these participants were excluded in analyses adjusting for dementia.
Measures of Long-Term Outcomes
Two follow-up outcomes of T1 subgroup classification were examined: well-being at T4, and mortality information over a period of 4 years beyond T4. In particular, factor scores for psychological well-being included an aging focus and were derived from a German translation of the Philadelphia Geriatric Morale Scale (Lawton, 1975 ) that comprised items for three dimensions: nonagitation (six items), aging satisfaction (five items), and life satisfaction (four items; for details, see Smith, Borchelt, Maier, & Jopp, 2002) . Information about mortality status and date of death for deceased participants were obtained from the City Registry 4 years after the T4 follow-up (July 2002). Mortality status was missing for 6 of the 132 participants because they had moved out of the Berlin area. These individuals were not considered in the mortality analyses. Overall, 52 (42%) participants from the 6-year BASE sample studied were deceased at the 4-year follow-up date, and 72 were still alive. 
Data Preparation
To ensure a common metric and in analogy to previous publications from BASE, we standardized all measures using the T metric to the mean (50) and standard deviation (10) of the core cross-sectional BASE sample (N ϭ 516), with lower values indicating lower performance or functional desirability. This strategy allows a direct comparison between the performance and characteristics of participants of this study and those published previously for the core cross-sectional BASE sample.
Missing data amounted to 16% for the cognitive measures (367 out of 2,340 attainable data points over the three occasions) and were below 3% for all other measures. Missingness on the cognitive tasks was primarily due to poor vision making computerized testing of performance totally or partly impossible. To impute task-specific missing data for the analyses reported, we followed the procedures applied in the BASE research group (e.g., Lindenberger & Baltes, 1997) and estimated missing data by linear regression analyses using age, gender, and, if available, data for other items measuring the same underlying construct. To guard against concerns of preferring one imputation procedure to another, in the routine checks we used listwise deletion rather than replacement through regression estimates. Virtually the same pattern of results as reported below was found.
For information, Table 1 presents means, standard deviations, and zeroorder intercorrelations for the 11 measures of the three domains of psychological functioning that were entered into the cluster analysis of T1 baseline data as well as for the correlates and outcomes. Age correlations are also given. Because data were standardized to the core cross-sectional BASE sample, means above T ϭ 50 illustrate that the 6-year longitudinal sample represents a positive selection of the larger cross-sectional parent sample (e.g., cf. Table 1 of Smith & Baltes, 1997, p. 462 , and also see our section on the effects of sample composition).
The correlations in Table 1 indicate that the measures at T1 showed, at maximum, moderately strong relations with one another as well as with age. There were only two intercorrelations, which were minimally above .50: the associations between neuroticism and emotional loneliness (r ϭ .52) and between emotional loneliness and social loneliness (r ϭ .51). The intercorrelations of the cognitive abilities in this sample were lower than those found in the core cross-sectional BASE sample (cf. Table 3 ofLin-denberger & Baltes, 1997, p. 418) . 4 The pattern of correlations in Table 1 suggests that the profile-defining measures were sufficiently distinct from one another, decreasing the likelihood that the generation of subgroups in a cluster analysis would be strongly weighted in favor of any of these measures.
Results
Results are organized in three sections. First, we present findings of the cluster analysis using T1 measures across three domains of psychological functioning. In follow-up analyses, we examined the subgroups' uniqueness by determining profile differences in cross-disciplinary correlates that were not part of the cluster analysis. To better understand and interpret profile differences between the groups, we also examined changes in sample composition from the parent sample to the smaller longitudinal sample. A second set of analyses examined the relative continuity of subgroup classification over time and whether the subgroups were differentially vulnerable to functional decline over 6 years. Finally, we determined the predictive effects of T1 subgroup classification for well-being 6 years later and for subsequent 4-year mortality.
Subgroups
Analogous to earlier person-oriented work (e.g., Aldwin et al., 2001; Magai, Consedine, King, & Gillespie, 2003; and in line with suggestions in the method literature (Hair & Black, 2000; Milligan & Cooper, 1987) , we used a two-stage clustering procedure of a hierarchical method (Ward, 1963 ) with squared euclidean distances followed by a nonhierarchical method (k means) to identify the subgroups. We used Ward's (1963) method to evaluate the optimal number of subgroups in the data and to produce the initial seed points for the subsequent k-means procedure, which determined the final assignment of individuals to the separate subgroups. Such a combination allows researchers to draw from each procedure's strengths but not be restricted by its limitations (e.g., Ward's method cannot revise assigned subgroup membership in subsequent steps). The CLUSTER procedure from the SAS software package was used to implement Ward's method (SAS Institute, 1997; see also Everitt & Der, 1997) , and the QUICK CLUSTER option from the SPSS software package was used for the k-means procedure (SPSS, Inc., 1990) .
To decide about the ideal number of subgroups, we used Sarle's (1983) cubic clustering criterion (CCC). This criterion relates the proportion of variance accounted for by the subgroups to the dimensionality of between-subgroups variation, and it has been shown to be among the most effective internal statistical criteria (cf. Milligan & Cooper, 1987 ; see also Hair & Black, 2000) . In the current study, the CCC indicated that a three-subgroup solution was most appropriate in the T1 data set. A first subgroup was found to be the largest, comprising approximately half of the . sample (n ϭ 61), and the other two subgroups also were reasonably large (ns ϭ 28 and 41; please note that 2 participants were excluded because they were extreme outliers; see also Footnote 3). Table 2 gives an overview of differences among the three newly identified subgroups on the psychological measures entered into the cluster analysis (subgroup differences in correlates and outcomes are also included and are discussed later). A one-way multivariate analysis of variance (ANOVA) using assignment to the three subgroups as the independent variable indicated that the subgroups differed significantly from each other on the profile-defining measures (Wilks's ϭ .14), F(22, 234) ϭ 17.47, p Ͻ .001, partial 2 ϭ .62. As one would expect from a cluster analysis, a series of multiple range tests confirmed that the subgroups represented sufficiently distinct entities in that they differed from one another on all but one profile-defining measure (other control). A comparison of the relative magnitude of the univariate F ratios in Table 2 revealed that knowledge and loneliness contributed most to subgroup separation. All group differences remained after we statistically controlled for age, gender, sensory functioning, health, and life-history status.
As indicated in the upper panel of Figure 1 , our first T1 subgroup was approximately half a standard deviation above the mean of the cross-sectional BASE parent sample (N ϭ 516) across all three profile-defining domains and was thus labeled as representing an overall positive profile. Our second subgroup was more or less consistently in the average range of functioning (labeled overall average profile). The profile of our third subgroup was imbalanced, with high levels of cognitive functioning but relatively lower functioning on measures of personality and selfrelated functioning and of social integration. In particular, participants performed well on all cognitive ability measures but scored high on neuroticism, reported feeling lonely, and had few social contacts; they were thus referred to as the high cognition, low self and social profile. It is interesting that on the global measure of desirability, the overall average profile and the high cognition, low self and social profile did not differ from one another, which suggests that the same net sum of functioning can be brought about by very different overall profiles (cf. Dixon & Bäckman, 1995) .
Subgroup differences in cross-disciplinary correlates at baseline (T1). The T1 subgroups of our longitudinal sample could also be differentiated on a set of cross-disciplinary correlates that were not involved in the clustering procedure (see Table 2 and the lower panel of Figure 1 ). Overall, psychological profile differences were more or less paralleled by differences on these correlates, with the overall positive profile being youngest and top-ranked on measures of sensory functioning and health. Two qualifications appear noteworthy. First, the overall average profile showed a substantive socioeconomic disadvantage, amounting to about half Note. T scores were standardized to the cross-sectional Berlin Aging Study sample (N ϭ 516; M ϭ 50, SD ϭ 10). Scores in boldface were more than 0.5 standard deviations above or below the mean of the cross-sectional sample. Means and standard deviations, respectively, in the same row that do not share subscripts differ at p Ͻ .05 or below. T ϭ time. a Reverse-coded. b Mortality information was missing for n ϭ 6. of a standard deviation below the mean of the core cross-sectional BASE sample. Second, participants in the high cognition, low self and social profile were older (e.g., 66% were older than 80 years vs. 28% for the overall positive profile and 39% for the overall average profile) and also showed relatively more health constraints, which suggests that this subgroup can be considered to represent aspects of the fourth age in the present study. Effects of sample composition. A large body of research illustrates the effects of selectivity in longitudinal aging studies: Longitudinal study participants are usually younger, healthier, better educated, and cognitively fitter than those who are not available for repeated assessment (e.g., Bosworth et al., 1999; Lindenberger et al., 2002; Rabbitt et al., 2004) . Research on such differences in sample composition, however, primarily has been carried out from a variable-oriented perspective. A systemic-wholistic perspective suggests additional questions and allows for some background information to help us better understand profile differences among the subgroups identified in the current study.
To address sample composition effects in the current 6-year longitudinal BASE sample at T1, we investigated both the variable level and the subgroup level. At the variable level, differences in sample composition were examined and decomposed into one component related to biological mortality (mortality based) and one component related to nonparticipation of survivors (experi- mental). To compute these components, we made a series of nested comparisons following the method outlined by Lindenberger et al. (2002) . Effects of positive sample selection were found in all profile-defining domains, cognition (e.g., 0.77 standard deviation units for perceptual speed, where standard deviation refers to that of the initial cross-sectional BASE sample), self and personality (e.g., 0.38 standard deviation units for other control), and social integration (e.g., 0.34 standard deviation units for emotional loneliness). The largest component reflected in differences in sample composition was mortality (e.g., 64% for perceptual speed). According to statistical convention (e.g., Cohen, 1988) , observed selectivity corresponds to medium effects for intellectual functioning and small effects for measures of self and personality and measures of social integration. Similar to previous reports (e.g., Lindenberger et al., 2002; T. Singer et al., 2003) , sample composition effects were stronger for the oldest old than for the old old, suggesting an increased age effect on sample composition. For the cross-disciplinary correlates and outcomes, total selectivity corresponded to medium effect sizes for age (0.77 standard deviation units) and sensory functioning (0.60 standard deviation units) and small effects for health (0.32 standard deviation units), life-history status (0.23 standard deviation units), and well-being (0.19 standard deviation units). With the exception of life-history status, most selectivity was attributed to mortality (e.g., 84% for health).
To investigate the first special focus of the present studynamely, subgroup heterogeneity and the potential implications of sample composition effects-we examined how many participants from the subgroups identified by Smith and Baltes (1997) in the initial cross-sectional BASE sample were left in the 6-year sample. For this purpose, we used the two-group division into desirable profiles (47%) and less desirable profiles (53%). The pattern of composition effects found in the 6-year sample was unequivocal: Longitudinal participants were about four times more likely to have been assigned at T1 to desirable profile subgroups (82%) than to have been assigned to less desirable profile subgroups (18%), 2 (1, N ϭ 510) ϭ 83.3, p Ͻ .001. In both subgroups, mortalityassociated attrition was the major factor underlying attrition (desirable profiles: 64%; less desirable profiles: 77%).
These sample composition effects, both at the variable level and at the subgroup level, assist in the interpretation of the somewhat restricted range of subgroup profiles identified at T1 of the 6-year longitudinal BASE sample. Unlike previous analyses in the literature with larger cross-sectional samples (e.g., Maxson et al., 1996) , the three subgroups identified in the present cluster analysis primarily represent the more desirable profiles previously reported from the larger cross-sectional BASE sample (cf. Table 2 of Smith & Baltes, 1997, p. 463) . In terms of subgroup assignment, 97% (n ϭ 59) of the 61 participants in our first subgroup had been assigned to the previous desirable profile subgroups. Similarly, the majority of the new Subgroups 2 and 3 were also constituted by participants from the previously identified desirable profiles (61%, or n ϭ 17, for our second subgroup; 73%, or n ϭ 30, for our third subgroup). In terms of psychological profiles, we computed Cattell's (1949) r p pattern similarity coefficient (see also Horn, 1961) to indicate that each of the three newly extracted profiles most closely resembled one of the desirable profiles previously identified. In particular, our first subgroup from the 6-year sample showed the highest profile similarity to the cognitively very fit and vitally involved group identified in the Smith and Baltes crosssectional sample (r p ϭ .93, p Ͻ .01); our second subgroup was closest to the group that was cognitively fit, well balanced, and at ease (r p ϭ .80, p Ͻ .01); and our third subgroup was most similar to the cognitively fit but reserved loner subgroup identified previously (r p ϭ .90, p Ͻ .01).
In sum, by using cluster analysis, we identified subgroups of individuals who were differentiated by profiles of psychological functioning. Profile differentiation was also found on indexes of past and current developmental contexts that were not entered into the cluster analyses (e.g., health, life-history status), which suggests that these factors were involved in regulating the functional profile of and membership in the groups. Follow-up analyses revealed sample composition effects both at the variable level and at the subgroup level, which suggests that the current data set primarily represents profiles of higher performance or functional desirability.
Continuity and Change in Subgroup Classification and Subgroup Profiles
The second set of questions of this study relates to differential patterns of subgroup stability and decline over time. In a first step, we investigated the degree to which individuals remained in their first-occasion cluster space over time. In a second step, we used group assignment at T1 to examine subgroup differences in vulnerability to subsequent functional decline of the profiles over 6 years. Finally, we explored whether the individual change trajectories of those participants who were reclassified into different subgroups over time represented evidence for longitudinal discontinuity.
Subgroup classification over time. Of major interest for the current study is the exploration of continuity and change in the identification of subgroups over time. To examine subgroup assignment over time, we applied the criteria established at T1 to identify the subgroups (i.e., two-stage clustering procedure) to data from T3 and T4. We used Ward's method separately for data from the two measurement occasions. In each case, the CCC indicated that a three-subgroup solution was the optimal grouping of individuals. In the second stage of the clustering procedure, the psychological profiles from the respective previous occasion were used as starting values for the k-means method (i.e., T1 data were used as the starting seeds for T3 clustering; T3 data were used for T4 clustering). Table 3 cross-tabulates the results of subgroup classification from the separate cluster analyses over time. As can be seen, there was evidence for both continuity and discontinuity. Overall, continuity or stability of classification was larger. Analyses suggest that, between two occasions, about two thirds of the longitudinal BASE participants remained in the same subgroups. For example, 75% of the participants assigned to the overall average profile at T1 were also assigned to this subgroup 4 years later at T3 (21% went to the overall positive profile, and another 4% went to the high cognition, low self and social profile). Kappas were higher for the 2-year period between T3 and T4 ( ϭ .61, p Ͻ .001) than for the 4-year period between T1 and T3 ( ϭ .45, p Ͻ .001) as well as for the 6-year period between T1 and T4 ( ϭ .41, p Ͻ .001). A hypergeometric test (Bergman et al., 2003) confirmed the predominant stability or continuity of subgroup classification. For example, participants from the overall average profile at T1 were 2.44 times more likely than expected by chance to be assigned to the same subgroup in the cluster analysis of T3 data. In contrast, all but 3 of the remaining 18 transition possibilities (e.g., overall average profile at T1 to high cognition, low self and social profile at T3) were significant antitypes, which suggests that these developmental paths were very unlikely to occur. After we adjusted for the mass significance fallacy through multiple comparisons by applying an alpha at p Ͻ .001 for all cells, it was still the case that 10 of the 18 other transition possibilities were antitypes in this descriptive sense.
Because continuity of subgroup classification over time is influenced by test-retest stability of the single profile-defining measures (see also Gerstorf, 2004) , we also examined the overall profile similarity among the separately identified subgroups by using Cattell's (1949) pattern similarity index. Such analyses of overall profile stability over time revealed that all same-profile coefficients were above r p ϭ .85 ( p Ͻ .001), which suggests that the subgroups sufficiently preserved their psychological profiles over time.
Differential decline in psychological profiles. Having demonstrated that there was both continuity and discontinuity in personcluster assignment over time, we decided to use group assignment at T1 to examine further patterns of change in psychological profiles over the 6 years of observation. Follow-up analyses contrasting subgroup changers over time and those who remained in their subgroup became the focus of subsequent analyses.
To examine whether the subgroups identified at T1 changed differently over time, we used individual growth modeling (Bryk & Raudenbush, 1992) . This type of multilevel model, which has been shown to be superior to other methods of assessing change over time (Reynolds, Gatz, & Pedersen, 2002) , uses a particular form of the generalized linear model to estimate fixed effects and random effects. In the present study, we estimated individual growth models for cognition, personality and self-related functioning, and social integration using the SAS procedure PROC MIXED (SAS Institute, 1997; see Littell, Miliken, Stoup, & Wolfinger, 1996) . We used time in study as the basic change function because the primary focus was on interindividual differences in intraindividual change (for a discussion, see McArdle, Ferrer-Caja, Hamagami, & Woodcock, 2002) . We included age as a covariate so that we could compare its predictive effect with that of the subgroup classification in accounting for interindividual variation. We regressed each domain on linear functions of time in study using an unstructured covariance matrix for the random effects, as this is more suitable for data with unbalanced measurement intervals (see J. D. Singer, 1998); because we used data for only three waves, we did not test quadratic models.
To estimate the amount of within-and between-persons variance (as indicated by the intraclass correlation), we first considered models that allowed random effects only for the intercept (see Bryk & Raudenbush, 1992; Mroczek & Spiro, 2003) . For cognition, the intraclass correlation was .80, suggesting that 80% of the Note. The same subgroups set in boldface were significant types at p Ͻ .0001. All ratios below 0.75 were antitypes at p Ͻ .05 or below. Ratio indicates the ratio of observed frequency over expected frequency. T ϭ Time.
total variation in cognition was between-persons variance and the remainder (20%) was within-person variation. Hence, betweenpersons variation accounted for the majority of variability, but there also was variability within persons, which suggests a reasonable amount of individual difference in change over time. The two other measures revealed similar patterns of within-person variation (personality and self-related functioning, 31%; social integration, 32%).
In the next step, we examined models that allowed individuals to vary in both level and rate of linear slope in the three measures. Table 4 shows fixed effect estimates (top half) and random effect estimates (bottom half) from these models. Fixed effects indicate that all intercepts were more or less above the mean of the initial cross-sectional BASE sample (T score of 50) and that all slopes showed linear decline at the sample level. Random effects are given for the intercept, the slope, and the covariance between them as well as the residual variance and a fit index (Ϫ2 log likelihood). Variances for intercept and slope represent the estimated variance of individual deviations from the overall intercept and slope, respectively. For all measures, these random effects for intercept and slope were significantly different from zero, indicating reliable individual differences in level and change over time. In addition, the covariance between the intercept and the slope for social integration was significant and negative, indicating that, at the sample level, more social integration was associated with a faster rate of change. Having identified individual differences in level and slope, we then carried out a series of analyses to account for these differences in which subgroup assignment was included as a covariate. Table 5 reports the parameter estimates for these models. For each measure, the intercept and slope coefficients represent those for the reference group (overall average profile), and the coefficients for the overall positive profile and the high cognition, low self and social profile indicate the amount these groups differed in intercepts and slopes from the reference group. For example, the overall positive profile differed by a factor of 11.71 from the overall average profile on the intercept of cognition, and the high cognition, low self and social profile differed by a factor of 8.23, which suggests that both subgroups showed better cognitive performance.
More important, the high cognition, low self and social profile showed a significantly stronger decline over time on cognitive functioning (Ϫ0.56, p Ͻ .05) as compared with the overall average profile and the overall positive profile. In contrast, on measures of personality and self-related functioning (Ϫ0.34, p Ͻ .05), the overall positive profile showed a stronger decline than both other subgroups. The positive coefficient for the Slope on Social Integration ϫ High Cognition, Low Self and Social Profile interaction (0.50, p Ͻ .05) indicates that the high cognition, low self and social profile participants maintained their T1 levels over time, whereas the overall average profile participants declined slightly and the overall positive profile participants declined profoundly on measures of social integration. These subgroup differences in functional decline are illustrated in Figure 2 .
5 It can be seen that decline, although sizable, occurred at high functional levels and that profile differentiation among the subgroups was preserved over time.
5 Follow-up repeated measures ANOVAs using subgroup assignment (3) as between-subjects factor and time (3) and psychological domain (3) as within-subject factors indicated that the subgroups also changed differently over time across the three domains when we restricted the sample to those participants who remained in their subgroups over time (n ϭ 79; Wilks's ϭ .77), F(8, 146) ϭ 2.56, p Ͻ .05, 2 ϭ .12. Similarly, the effect also remained when we used subgroup assignment at T4 as a between-subjects factor (Wilks's ϭ .87), F(8, 248) ϭ 2.20, p Ͻ .05, 2 ϭ .07. A comparison of random effect size estimates for models with and without the subgroups as a covariate (see J. D. Singer, 1998) indicated that the subgroups accounted for 39% of the individual differences in mean levels of cognitive performance and 10% of the individual differences in cognitive change over time. For the two other measures, even larger effects were revealed (personality and self-related functioning: intercept, 49%, slope, 33%; social integration: intercept, 66%, slope, 28%). If one were to translate Cohen's (1988) classification of effect sizes from the multivariate analysis of variance to multilevel models, the effects of the subgroup in accounting for heterogeneity in change over time would be (with the exception of cognition) in the moderate range of effect sizes.
In a final step, we also tested whether including age, gender, and life-history status as additional covariates would eliminate the predictive effects of subgroup status at T1 for differential change in psychological profiles. Although these covariates were found to explain additional variability in intercepts and slopes, the predictive effects of subgroup status remained. For cognition, a model fitted best (Ϫ2 log likelikhood ϭ 2,303) that included the overall positive profile (9.93, p Ͻ .0001); the high cognition, low self and social profile (7.88, p Ͻ .0001); age (Ϫ0.34, p Ͻ .001); and life-history status (0.16, p Ͻ .01) as predictors of intercept and the overall positive profile (Ϫ0.33, p Ͼ .05); the high cognition, low self and social profile (Ϫ0.65, p Ͻ .01); and gender (0.42, p Ͻ .01) as predictors of slope. For personality and self-regulation, none of the additional covariates were found to account for differences in intercept and slopes. For social integration, the best fitting model Follow-up analyses on subgroup changers. To exploit the information gained about subgroup changers 6 as an additional facet of differential aging, we conducted follow-up analyses at the individual level. In particular, we compared BASE participants who were assigned to the same subgroup at two out of three occasions (pooled across the subgroups, n ϭ 79) and those who were not (n ϭ 51). Subgroup-to-subgroup change was independent of subgroup assignment at T1, 2 (2, N ϭ 130) ϭ 2.2, p Ͼ .10. As indicated in Table 6 , subgroup changers differed from those who were stable in classification on a number of dimensions: They were less similar to their subgroup at T1, they were older, and they were more impaired in health. Over time, subgroup changers showed a more pronounced decline in cognitive functioning and in self and personality as compared with nonchangers. In addition, the hazards of dying after T4 were doubled for the subgroup changers, and this effect held after we accounted for differences in age cohort, gender, dementia, sensory functioning, health, and life-history status. In sum, these follow-up analyses at the individual level for subgroup members suggest that classification over time followed meaningful and interpretable patterns rather than representing mere unreliability of group assignment: Change in subgroup assignment was accompanied by domain-generalized decline, and it was predictive of mortality after the end of the study.
Long-Term Outcomes: Well-Being and Mortality
The previous analyses already contain much information about correlated changes in subsequent levels of functioning associated with T1 group assignment. The last set of analyses crystallizes and exemplifies this information on two outcome measures often used in research on successful aging: well-being and mortality.
Well-being. To examine whether profile information at T1 was predictive of a subjective long-term outcome, we used hierarchical regression analyses to regress well-being at T4 on subgroup status at T1 with and without covarying out the effects of other potentially important correlates (i.e., age, gender, dementia, sensory functioning, health, and life-history status) in a first step. Measures of well-being had not been entered in any of the cluster analyses. Results are reported for the three subgroups separately as well as for the overall average profile and the high cognition, low self and social profile pooled to represent the less desirable psychological profiles relative to the sample. This pooled subgroup was contrasted against the overall positive profile, which represented the more desirable profile. Acknowledging that sample composition effects resulted in restricted heterogeneity at relatively high functional levels, we used such categorization of profile desirability to highlight the utility of a subgroup approach in predicting long-term outcomes.
Multiple regression analyses indicated that assignment to the subgroups identified at T1 was highly predictive of well-being 6 years later, both for the three subgroups separately, F(2, 127) ϭ 8.72, p Ͻ .001 (R 2 ϭ .121; adjusted R 2 ϭ .107), and for the . Subgroups identified at Time 1 of the 6-year Berlin Aging Study sample: Differential patterns of stability and change in psychological profile characteristics. The high cognition, low self and social profile declined the most on measures of cognitive functioning (e.g., 0.5 standard deviations on perceptual speed), whereas the overall positive profile was most vulnerable to decline on measures of personality and selfregulation (e.g., 0.5 standard deviations on extraversion) and social integration (e.g., 0.5 standard deviations on emotional loneliness). T scores were standardized to the cross-sectional Berlin Aging Study sample (N ϭ 516; M ϭ 50, SD ϭ 10). Error bars represent standard error.
desirability categorization, F(1, 128) ϭ 16.24, p Ͻ .001 (R 2 ϭ .113; adjusted R 2 ϭ .106). Considering the three subgroups separately revealed that the predictive effect was primarily due to the positive beta weight for the overall positive profile as compared with the overall average profile (␤ ϭ .26, p Ͻ .05), whereas the high cognition, low self and social profile and the overall average profile did not differ from one another significantly (␤ ϭ Ϫ.12, p Ͼ .10; see also Table 2 ). To increase statistical power, in follow-up analyses we thus concentrated on the categorization of profile desirability where the desirable profile subgroup reported more well-being over time than the less desirable profiles (␤ ϭ .34, p Ͻ .001). The effect was robust in that the equation that simultaneously contained subgroup status as well as age, gender, dementia, sensory functioning, health, and life-history status was found to significantly predict well-being at T4, F(6, 120) ϭ 4.82, p Ͻ .001 (R 2 ϭ .194; adjusted R 2 ϭ .154), and subgroup assignment contributed uniquely to this prediction after all other variables were entered in a previous step, ⌬F(6, 120) ϭ 6.54, p Ͻ .05 (⌬R 2 ϭ .044; ␤ ϭ .23). According to statistical convention (Cohen, 1988), both effect sizes of subgroup status were small. In the final model, subgroup status was the only variable that significantly predicted well-being, which suggests that psychological profile information uniquely related to feelings of well-being and that all other factors included in the model did not. In addition, follow-up analyses examined the predictive effects of the single profile-defining measures for well-being. As is to be expected, neuroticism and emotional loneliness were the only measures for which a robust predictive effect was found, but subgroup status also remained a unique predictor in these analyses.
Mortality.
To examine the predictive effects of profile information at T1 for an objective outcome, we evaluated hierarchical Cox (1972) proportional hazards regression models that determined subgroup differences in mortality hazards over approximately 4 years subsequent to T4 data collection. As Table 2 indicates, a numerically larger percentage of persons had died among the two less desirable profiles than among the overall positive profile, but both mortality status and distance between T4 and death were not statistically significant. We used the PHREG procedure from the SAS software package (SAS Institute, 1997; see also Allison, 1995) to estimate risk ratios for the three subgroups separately as well as for the categorization of profile desirability, both with and without introducing other potentially important correlates of mortality in a previous step.
Hazard regression models provided empirical evidence that subgroup status was associated with differences in mortality hazards. Using the overall positive profile as the reference group revealed that the relative risk (RR) of dying was higher for the high cognition, low self and social profile, 2 (1, N ϭ 124) ϭ 4.4, p Ͻ .05 (RR ϭ 1.98, confidence interval [CI] ϭ 1.05, 3.75). At the zero-order level, the hazard ratio for the overall average profile exceeded the .05 significance boundary, but once differences in education were taken into account, mortality hazards were also significantly higher, 2 (1, N ϭ 124) ϭ 4.0, p Ͻ .05 (RR ϭ 2.27, CI ϭ 1.02, 5.06). Considering the categorization of profile desirability indicated the same pattern, 2 (1, N ϭ 124) ϭ 4.5, p Ͻ .05 (RR ϭ 1.86, CI ϭ 1.05, 3.31), which suggests that the hazards of dying were almost doubled for the less desirable profiles as compared with the desirable profile. This predictive effect remained Figure 3 shows graphically subgroup differences in survival probabilities using Kaplan-Meier (for an overview, see Alison, 1995) survival curves over 4 years.
As an extension of earlier work in BASE (Maier & Smith, 1999) , follow-up analyses demonstrated that cognitive functioning was the only profile-defining domain that was related to elevated risks of dying, 2 (3, N ϭ 124) ϭ 12.2, p Ͻ .01, whereas personality and self-related functioning, 2 (5, N ϭ 124) ϭ 2.9, p Ͼ .10, and social integration were not, 2 (3, N ϭ 124) ϭ 5.0, p Ͼ .10. When controls were introduced for gender, dementia, sensory functioning, health, and life-history status, the cognitive domain was no longer significant in the present sample, 2 (3, N ϭ 124) ϭ 4.9, p Ͼ .10. Analyses of the specific profile-defining measures showed that only 1 of the 11 measures was predictive of mortality (memory: RR ϭ 0.95, CI ϭ 0.91, 0.98, p Ͻ .01). That is, a single variable (domain) perspective on psychological functioning provided only minimal evidence for the prediction of mortality. In contrast, a systemic-wholistic perspective that used profile information across multiple domains enabled the detection of robust differences in mortality hazards.
Discussion
The central objective of the present study was to explore the utility of a systemic-wholistic approach in research on heterogeneity and differential development in old age. We defined systemic-wholistic as considering multiple-indicator information at a person or subgroup level and used cluster analysis as a tool to empirically identify subgroups of individuals in old age. As we elaborate in the sections that follow, we interpret our findings as providing insights that complement evidence from more variableoriented research. Because of the multidimensional aggregation produced by cluster analysis, the application of this method provides a more parsimonious picture of a complex system of functioning than is gained by a consideration of dimensions one by one (e.g., in a multivariate regression).
Three sets of questions were addressed. First, using cluster analyses, we examined the subgroup structure and degree of heterogeneity in the 6-year longitudinal survivor BASE sample to obtain information on age-and survivor-related changes in heterogeneity. Whereas the cross-sectional BASE sample used in previous reports of cluster analysis consisted of 516 individuals, the longitudinal sample used in the present study was reduced to 132, primarily because of mortalityrelated attrition. These individuals predominantly represent the high-functioning (desirable) profile subgroups identified previously. Nevertheless, profile differentiation among the newly identified subgroups was possible on psychological measures as well as cross-disciplinary correlates.
Our second set of questions was about differential subgroup changes in psychological functioning over time. At the level of subgroup classification, cluster analyses at follow-ups revealed highly similar subgroup profiles, and about two thirds of the participants could be classified as remaining in the same subgroups over time. Individual-level follow-up analyses indicated that the domain-specific change trajectories for those individuals who were reclassified over time might represent evidence for discontinuity, thereby illustrating the role of within-person systemic variability. At the level of the subgroup-defining profiles, a major finding was the observation of distinct change trajectories across subpopulations: The subgroups identified at T1 differed in their vulnerability to subsequent functional decline, and this decline differed across domains. Third, we asked about long-term outcomes of subgroup heterogeneity and differential development. We showed that T1 desirable profile subgroups reported higher well-being over time (6 years from T1 to T4) and subsequently lived longer (up to 4 years after T4) as compared with subgroups with less desirable profiles. This illustrates that profile differences in old age represent not only outcomes of differential development into old age but also sources of continued differentiation throughout old age.
Subgroups
Using a bottom-up approach, we empirically identified three subgroups in the present study. Of course, we acknowledge that the results of cluster analysis, in analogy to other multivariatestructural analyses (Hertzog, 1996) , represent but one of several possible outcomes. The relatively small size of the longitudinal sample and the effects of attrition on sample composition also put constraints on generalizing our findings. Similarly, we acknowledge that the selection of measures for the analyses was restricted by those constructs that formed the basis of psychological assessment in BASE (see also , and the inclusion of other constructs (e.g., activities, motivation, emotion regulation) might have produced another solution.
However, the three subgroups were distinct in terms of their quantitative communalities and differences in the multivariate space of the psychological measures used to define the subgroups. Word knowledge and loneliness were found to be most important for distinguishing the subgroups, which indicates that it was not a single domain of psychological functioning (e.g., cognition) but rather multiple domains that contributed to subgroup separation. It is of interest that in the cognitive domain separation was primarily carried by the crystallized pragmatics rather than the fluid mechanics (Baltes et al., 2006) , whereas for the other measures it was not personality but aspects of socioemotional functioning (Cacioppo, Hawkley, & Berntson, 2003; Seeman, 2001) . In addition, the subgroups were also differentiated by indicators of health and life conditions that were not part of the cluster analyses and (along with age and gender) were selected to represent past, cumulative, and current developmental contexts. This suggests that these factors were involved in regulating the functional profiles of and membership in the subgroups, thereby indicating the operation of systemic processes.
7 Of course, many other indexes of life conditions and developmental history, such as widowhood, might have served to further differentiate these groups. An in-depth study of the life contexts and differential aging of individuals in the subgroups would be a valuable project for future research (see also Crosnoe & Elder, 2004) .
At a theoretical level, the three subgroups reflect notions of successful aging and are surprisingly similar to profiles reported in previous person-oriented studies in the literature. For example, the overall positive profile could be regarded as one ideal type of successful aging in that three defining components proposed by Rowe and Kahn (1997) -namely, good health, cognitive fitness, and engagement in life-were fulfilled (see also the highfunctioning subgroups in Andrews et al., 2002; Maxson et al., 1996) . Members of the overall average profile had to deal with major socioeconomic life course disadvantages that more or less were not mirrored in their profile of psychological and physical functioning, which suggests that subgroup members had aged robustly. In addition, the high cognition, low self and social profile resembled one subgroup found in the Gothenburg H-70 study (Maxson et al., 1996) in that they showed a profile of cognitive fitness combined with more or less ample constraints in health, social integration, and well-being. The socioeconomic benefits found for the high cognition, low self and social profile and the overall positive profile reflect suggestions that early-life education and a complex work life are associated with lifelong benefits and contribute to high cognitive functioning in old age (Schooler & Mulatu, 2001 ). In the context of the current study, the high cognition, low self and social profile is closest to the fourth age: Participants in this subgroup were relatively older, had more health constraints, and had lower levels of personality and social functioning. Finally, our finding that the overall average profile and the high cognition, low self and social profile were very similar in their overall desirability score (see Table 2 ) illustrates life span scripts about the gain-loss dynamic: The same outcome of a net sum of gains and losses can be brought about by very different constellations and constituting profiles of functioning (for an overview, see Baltes et al., 2006; Dixon & Bäckman, 1995) .
Continuity and Change in Subgroup Classification and Subgroup Profiles
Subgroup classification over time was found to be relatively stable in that approximately two thirds of our participants remained clustered together over time. Examining questions about the temporal integrity and validity of classification is essential to address concerns about the possible state or episode dependency of classifications on the basis of static rather than dynamic criteria (Manton & Land, 2000; Nesselroade, 1991) . Kappa coefficients were moderate in size, but, given the exploratory character of examining classification stability over multiple-year intervals, few reference standards are available. The finding that the samesubgroup pairs were substantially more stable than expected by chance illustrates that individuals in a given group not only shared common functional profiles at a specific point in time but also were relatively consistent in the way they changed over time. Conceptually, classification stability can be interpreted as a normative constellation and an indication of continuous development during old age.
Using subgroup assignment at T1 as a reference, we found that the three subgroups showed diverse patterns of subsequent func-7 Follow-up analyses of the subgroups previously reported from the cross-sectional BASE sample (i.e., Subgroups 1 through 8 in the Smith & Baltes, 1997, study) basically revealed a similar pattern as presented for subgroups identified at T1 of the 6-year sample. In particular, the correlation found between subgroup rank order and overall change over time was significant (r ϭ .22, p Ͻ .05), which suggests that participants from more desirable profile subgroups identified by Smith and Baltes (1997) who remained in the study over 6 years tended to show more systemic decline over time than participants in less desirable profiles. Similarly, they reported more well-being (r ϭ Ϫ.27, p Ͻ .01), and they had decreased mortality hazards, 2 (1, N ϭ 124) ϭ 6.6, p Ͻ .01 (RR ϭ 1.21, CI ϭ 1.05, 1.40).
tional decline in the profile-defining measures. Group differentiation was apparent not only at the mean level over time but also in terms of patterns of change. Follow-up analyses at the individual level for subgroup members who were reclassified indicated discontinuous change and higher mortality hazards after the end of the study. There was no evidence for systematic subgroup-tosubgroup change patterns, which suggests that such within-person systemic variability and its implications were independent of subgroup membership and associated level of functioning. If more individuals in their late 80s or older had been available for repeated assessment, we would have expected to see more fluctuations in group assignment as well as more pronounced systemic decline among these oldest old (Baltes, 1997; Baltes & Smith, 2003; Shock, 1977) .
In essence, profile differences represent not only outcomes of differential development but also sources for continued differentiation (Smith & Gerstorf, 2004) . A systemic-wholistic perspective can add significantly to our understanding of differential aging because it does not consider individual differences as simple deviations from an overall trajectory. Instead, a systemic-wholistic perspective attempts to decompose the normative trajectory into several distinct developmental patterns (Bergman et al., 2003; Hertzog & Nesselroade, 2003) . More in-depth studies are required, of course, to determine whether the exact shape of the trajectories differs among the subgroups or just the timing of decline onset. Future research could also more rigorously exploit the utility of latent class growth analysis (e.g., Muthèn, 2001 ), a method that explicitly allows testing for qualitative differences in shapes of developmental functions. Given discussions in the literature about uniform or differential decline trajectories in old age, such a proximal approach may be superior to rather global, macrostructural indexes (e.g., life-history status, gender) of the cumulative effects of past and current developmental contexts, which have often failed to capture heterogeneous trajectories of change (Anstey & Christensen, 2000; Birren & Cunningham, 1985; Schroots & Yates, 1999) .
Long-Term Outcomes: Well-Being and Mortality
Individual variable predictions of long-term outcomes, if cast in a linear multivariate prediction scheme, can be expected to yield overall higher predictive power because they include more variability information than is contained in cluster categorizations. However, they are less parsimonious than predictions based on clustering of persons and less guided by the possibility of nonlinear relations as a result of multivariate interactions. An important validation of cluster analysis, therefore, is to demonstrate longterm predictive power. In the present study, we did this by examining long-term associations between T1 cluster assignment and indicators of well-being at T4 as well as subsequent mortality (4 years after T4).
With regard to well-being, we could show that the desirable profile subgroup (overall positive profile) identified at T1 reported higher well-being 6 years later than did subgroups with less desirable profiles (overall average profile; high cognition, low self and social profile). This predictive strength of the profile information exemplifies proposals that well-being represents a subjective outcome of successful aging that is susceptible to and indicative of systemic differences in psychological functioning (Kahn & Juster, 2002) . Two lines of argument highlight the nontrivial nature of this association. First, no measures of mood or life satisfaction had been entered into the cluster analysis, so there was no content overlap between variables used for subgroup definition and the outcome criterion measure. Second, a well-being paradox in old age suggests that older persons maintain a sense of well-being in the face of increased risks for social losses and declines in physical health (Diener, Suh, Lucas, & Smith, 1999) . Given the power of self-related resilience, we expected that differences would be present but clearly weaker than those for physical functioning and health. The actual magnitude of group differences in well-being was thus particularly striking in that it amounted to more than half of a standard deviation (see Table 2 ). This finding offers convergent evidence to previous qualifications of the well-being paradox in advanced old age (e.g., Isaacowitz & Smith, 2003; Kunzmann, Little, & Smith, 2000; Smith, Borchelt, et al., 2002 ) from a different perspective and extends these previous results by using cognitive rather than emotion based measures of well-being. Our person-level approach provides direct evidence for the claim that the so-called paradox may exist for some but not all persons in old age.
Perhaps more impressive is the finding that the systemicwholistic approach revealed unique insights into mortality. The more desirable profile subgroup identified at T1 lived longer after the end of the study than did the less desirable profile subgroups. Differences in mortality hazards were subtle for the single psychological dimensions. They appear to accumulate and become functionally relevant, however, when examined conjointly in a person-oriented approach. An effect size of hazard ratios being doubled for the two subgroups with less desirable profiles speaks to this interpretation. Even though health restrictions and low standing on life-history status factors are typically linked to mortality (Bosworth et al., 1999; Seeman et al., 2004) , these factors did not explain the predictive strength of profile information. Controlling for age reduced but did not completely account for the profile effect. In addition, systemic-wholistic change information was associated with larger mortality hazards, and this association was preserved once differences in age cohort membership were taken into account. Mortality differences among the subgroups reported in this study add to similar reports from previous person-oriented research (Andrews et al., 2002; Maxson et al., 1996; Smith, 2003b) . Furthermore, we have demonstrated that whereas none of the single profile-defining constructs revealed robust predictive effects, the systemic-wholistic profile information was predictive of mortality in old age.
Limitations and Outlook
Limitations of the present findings have already been mentioned in the context of embedding our three sets of major findings into the broader literature. Two of these limitations relate to the small size of the sample and the restricted range of measures used to identify the subgroups. A further limitation concerns issues of generalizability from data gathered from a metropolitan sample of residents of the former city of West Berlin, with its unique historic constellation (Baltes, Mayer, Helmchen, & Steinhagen-Thiessen, 1999) . In addition, because the explanatory mechanisms for differential development in old age are less well understood compared with earlier parts of the life span, the present study leans toward a descriptive identification of the general existence and potential predictive fertility of a differential profile approach. It aims at opening a conceptual and methodological door at a high level of aggregation rather than testing highly specific hypotheses. In this first effort at applying cluster analysis to the longitudinal data set of the BASE, we explicitly decided to focus on using the first-occasion clustering data as the point of reference for analyses of change and predictive analyses rather than modeling change directly in terms of group-related differences. We acknowledge, of course, that modeling differential change directly represents an alternative approach that we intend to pursue in future work.
In the context of these limitations, the present analyses represent an attempt to move beyond the description of average aging trajectories toward a systemic consideration of differential aging among empirically defined subgroups of individuals. Future research may more thoroughly exploit the utility of this approach and thereby address some of the limitations of the current study. A wholistic approach to differential development and aging can be applied to a number of levels of analyses. For example, instead of examining profiles across psychological domains, researchers could ask questions about differential aging at a domain-specific level (e.g., different cognitive abilities) or across domains at a cross-disciplinary level (e.g., cognition and health). Another line of future research could be the application of methods that allow a direct identification of subgroups of individuals who show distinctively different developmental trajectories (e.g., latent class growth analysis; Muthèn, 2001) . Finally, to better understand the mechanisms underlying differential aging, research would also profit from drawing on the accumulated body of knowledge about risks and protective factors for early-life differential development, such as biological and psychosocial adversities (e.g., low birth weight, institutional rearing; Rutter, 1997) . In this context, it might be of particular importance to consider developmental transitions in old age and their late-life contributions to continuity, disturbances, and turning points. Life events in very old age, such as retirement, serious health events, or widowhood, may be critical triggers for discontinuities in heterogeneity. A combined variable-and personoriented approach may then allow researchers to detect general risks and protective factors as well as those that are specific to certain (subgroups of) individuals (see also Schulenberg, Wadsworth, O'Malley, Bachman, & Johnston, 1996) . In sum, the current study sheds some initial light on the utility of multipleindicator information and a wholistic, person-oriented perspective in research on differential aging.
